Structural variations of DNA greater than 1 kilobase in size account for most bases that vary among human genomes, but are still relatively under-ascertained. Here we use tiling oligonucleotide microarrays, comprising 42 million probes, to generate a comprehensive map of 11,700 copy number variations (CNVs) greater than 443 base pairs, of which most (8,599) have been validated independently. For 4,978 of these CNVs, we generated reference genotypes from 450 individuals of European, African or East Asian ancestry. The predominant mutational mechanisms differ among CNV size classes. Retrotransposition has duplicated and inserted some coding and non-coding DNA segments randomly around the genome. Furthermore, by correlation with known trait-associated single nucleotide polymorphisms (SNPs), we identified 30 loci with CNVs that are candidates for influencing disease susceptibility. Despite this, having assessed the completeness of our map and the patterns of linkage disequilibrium between CNVs and SNPs, we conclude that, for complex traits, the heritability void left by genome-wide association studies will not be accounted for by common CNVs.
Genomes vary from one another in multifarious ways, and the totality of this genetic variation underpins the heritability of human traits. Over the past two years, the human reference sequence 1 has been followed by other genome sequences from individual humans (reviewed in ref.
2) with fruitful comparisons. These studies show the landscape of genetic variation, and allow estimation of the relative contributions of sequence (base substitutions) and structural variation (indels (that is, insertions or deletions), CNVs and inversions). For simplicity, in this study we use the term CNV to describe collectively all quantitative variation in the genome, including tandem arrays of repeats as well as deletions and duplications.
Despite this growing genomic clarity, these classes of variation are not equivalently recognized in human genetic studies. To appreciate the functional impact and selective history of a variant, its correlation with nearby variants must be characterized 3 allowing imputation into previously assayed genomes 4 , and experimental reagents and protocols are needed for the variant to be assayed in a cost-effective manner in different samples.
Genome re-sequencing studies have shown that most bases that vary among genomes reside in CNVs of at least 1 kilobase (kb) 5, 6 . Population-based surveys have identified thousands of CNVs, most of which, due to limited resolution, are larger than 5 kb [7] [8] [9] . Their functional impact has been demonstrated across the full range of biology 10 , from cellular phenotypes, such as gene expression 11 , to all classes of human disease with an underlying genetic basis: sporadic, Mendelian, complex and infectious (reviewed in ref. 12 ). This class of variation is, nonetheless, poorly integrated into human genetic studies at all levels. Not only are CNVs-especially smaller ones-underrepresented in existing databases, but with at least one notable exception 8 , previous studies have tended to focus on CNV discovery and not genotyping, owing in part to the technical challenges of their assays. Nevertheless, the potential utility of a reference set of CNV genotypes is exemplified by the observation that of 67 CNVs genotyped in a previous genomewide survey of CNV 9 , four have subsequently become associated with complex traits: a 20-kb deletion upstream of the IRGM gene with Crohn's disease 13 , a 45-kb deletion upstream of NEGR1 with body mass index 14 , a 32-kb deletion that removes two late-cornified envelope genes with psoriasis 15 , and a 117-kb deletion of UGT2B17 with osteoporosis 16 . Clinical geneticists need to discriminate pathogenic from benign CNVs in their patients, and have made extensive use of data from CNV surveys of apparently healthy individuals 17 . The mere presence or absence of a variant in such control data sets is only partially informative, as the determination of the pathogenicity of inherited CNVs is at present limited by the lack of information on their frequency and combination in apparently healthy individuals of a given age.
As successive surveys for CNVs have yielded higher resolution data, smaller variants have been discovered, along with increased precision of the breakpoints for each CNV 8, 18, 19 . Precise breakpoint sequences are required, not only to assess the functional content of a variant, but also to design robust genotyping assays and to identify signatures of the underlying mutational mechanisms. CNVs are generated by diverse mutational mechanisms (recently reviewed in ref. 20 )-including meiotic recombination, homology-directed and non-homologous repair of double-strand breaks, and errors in replication-but the relative contribution of these different mechanisms is not well appreciated.
Here we describe a comprehensive survey to detect common CNVs larger than 1 kb in size in the human genome, and the development and application of experimental protocols to allow these CNVs to be assayed. The HapMap sample set has previously been well-characterized for other forms of variation, and we now add CNV genotypes for these samples. These unprecedented resources have allowed us to discern key features of the mutational mechanisms underlying CNVs, to investigate the effect of selection on CNVs, and to identify candidate CNVs that may be the causal variant on haplotypes associated with complex traits.
CNV discovery and genotyping
We designed an experimental strategy to discover CNVs greater than ,500 base pairs (bp) in individuals with European or West African ancestry (Fig. 1) . Using a set of 20 NimbleGen arrays, each comprising ,2.1-million long oligonucleotide probes covering the assayable portion of the genome (median spacing of 56 bp), we performed 800 comparative genome hybridization (CGH) experiments with female lymphoblastoid cell-line DNA competed against a common male European reference sample (NA10851). The female test DNAs comprised 19 CEU (Utah residents with ancestry from northern and western Europe)-European HapMap individuals, 20 YRI (Yoruba from Ibadan, Nigeria)-West Africans, and a Polymorphism Discovery Resource individual (NA15510). It was estimated that 40 samples would provide 95% power to sample variants with minor allele frequencies of 5% in either population.
We used stringent calling criteria (minimum 10 consecutive probes) to identify 51,997 putative CNV segments in the 41 samples (40 test samples and 1 reference sample). The median numbers of segments in CEU and YRI individuals were 1,117 and 1,488, respectively, reflecting both the higher genetic diversity in Africa and the use of a CEU reference sample. CNV sizes ranged from 443 bp to 1.28 megabases (Mb), with a median size of 2.9 kb. We merged these calls across samples to identify 11,700 putative CNV loci (median size of 2.7 kb), of which 49% were called in a single individual (Supplementary Methods and Supplementary Table 1) . Using quantitative PCR (qPCR) for initial validation, we confirmed 79 of 99 randomly selected loci as varying in copy number, suggesting a preliminary false-discovery rate of ,20% (Supplementary Methods).
Within the context of a CNV association study conducted by the Wellcome Trust Case Control Consortium (WTCCC), a CNV-typing array was designed by the WTCCC in collaboration with the other coauthors of this paper in which a preliminary version of our discovery data was shared at an early stage with the WTCCC. The array used the Agilent CGH platform and comprised 105,000 long oligonucleotide probes. Its targets include 10,819 out of 11,700 (92%) of the candidate CNV loci, and 375 other loci from published CNV surveys, including 292 new sequence insertions (Supplementary Methods) 5, 18 . To perform large-scale validation of candidate CNVs, we ran each of the 41 DNA samples used in the discovery phase of this study on the CNV-typing array against a pooled reference sample to minimize reference-specific artefacts. By comparing the correlation between the discovery data and the CNV-typing data across the same samples at each locus, we could distinguish probable false-positives and true CNVs (Supplementary Methods). Using this approach we estimated the false discovery rate to be 15%, in good agreement with the estimate obtained from the much smaller set of independent validation experiments using qPCR.
We then assayed 450 HapMap samples (180 CEU, 180 YRI, 45 JPT (individuals in Tokyo, Japan) and 45 CHB (individuals in Beijing, China)) across our CNV-typing array. We used a Bayesian algorithm to genotype CNVs (more precisely: to assign individuals to diploid copy number classes), and then manually curated the selection of the optimal normalization and cluster locations for every locus (Supplementary Methods). We applied quality-control filters to identify 5,238 non-redundant CNVs (4,978 from the CNVs discovered here) that could be genotyped with high confidence in at least one HapMap population (3,320 were polymorphic in CEU, 3,985 in YRI and 1,957 in JPT1CHB), and these genotypes exhibited high concordance across replicate experiments (Supplementary Table 2 and Supplementary Methods).
We also analysed data on 242 HapMap samples on an Illumina Infinium genotyping platform (Human660W), developed in conjunction with the WTCCC 2 experiments, which incorporates probes in 8,914 of our CNVs (biased towards those with high frequency in CEU), using recently published CNV genotyping software 21 . We observed that 2,513 CNVs could be genotyped, 2,175 (87%) of which were also genotyped on the Agilent CGH microarrays. This high concordance suggests that the genomic properties of the CNV rather than the performance characteristics of the technology platform determine whether a CNV can be reliably typed. Given the extensive overlap, and the smaller number of HapMap samples run on the Illumina array, subsequent analyses of genotyped CNVs focus solely on data from the array-CGH CNV-typing.
We to distinguish deletions (0, 1 or 2 diploid copy number), duplications (2, 3 or 4 diploid copy number) and multiallelic CNVs (greater than 3 possible diploid copy numbers). Of the 5,238 genotyped CNVs, 77% were deletions, 16% were duplications and 7% were multi-allelic ( Supplementary Fig. 1.1 The improved resolution of CNV breakpoints provided an opportunity to assess the extent to which distinct CNVs overlap in our data set. This is a complex problem in the absence of sequenced breakpoints for all variants, but we can use all validated CNVs, which may have some residual redundancy (that is, a single CNV could be split into two overlapping loci), to estimate an upper bound on this, and our non-redundant genotyped loci, which are probably biased against genotyping overlapping loci, to estimate a lower bound (Supplementary Methods). In this manner, we estimate the proportion of CNVs overlapping other CNVs to be in the range of 6% to 29%, which is far higher than the proportion of SNPs that are triallelic (that is, three different bases observed at the same site).
Genomic effect of CNVs
We identified an average of 1,098 validated CNVs, and a cumulative CNV locus length of 24 Mb (0.78% of the genome) when comparing two genomes by CGH. The 8,599 validated CNVs discovered in these 41 individuals cover a total of 112.7 Mb (3.7%) of the genome.
On average per comparison of two diploid genomes by CGH, we found that 445 out of 1,098 (40.5%) of the validated CNVs overlapped with 622 out of 20,174 (3.1%) RefSeq genes (including intronic CNVs), altering the structure of 835 out of 30,917 (2.7%) gene transcripts, and directly altering the coding sequence of 323 out of 27,761 (1.2%) messenger RNAs (Table 1) . When all samples were considered together, we found that 3,340 (38.8%) of the validated CNVs overlapped 2,698 (13.4%) RefSeq genes (including intronic CNVs), altering the structure of 3,863 (12.5%) gene transcripts, and directly altering the coding sequence of 1,519 (5.5%) mRNAs (Table 1) . Over half of the partial gene deletions that encompass exons are predicted to induce frameshifts, and combining these alleles with whole gene deletions identifies unambiguous loss of function alleles for 267 genes (Supplementary Table 1 
.2).
We observed a paucity of autosomal CNVs overlapping RefSeq genes, compared to random permutations (Supplementary Fig. 1.2 ). This impoverishment is more strongly associated with deletions than duplications or multiallelic loci (Fig. 2a) , and in common CNVs (minor allele frequency (MAF) . 10%) compared to rare CNVs (MAF , 1%) (Fig. 2b) . The bias of common deletions away from genes is stronger in YRI than in CEU (Fig. 2b) , which is also consistent with weaker selection against deleterious base substitutions in CEU than YRI 22 . There was also a bias of CNVs away from enhancers and ultra-conserved elements, but not from promoters or DNaseI hypersensitive sites (Supplementary Fig. 1 .2). Indeed duplications seem to be significantly enriched among promoters and stop codons, perhaps corroborating a previous observation of indel enrichment at either end of genes 23 . Gene ontology analysis showed an enrichment of genes involved in extracellular biological processes such as cell adhesion, recognition and communication in CNVs. However, genes involved in intracellular processes such as biosynthetic and metabolic pathways were underrepresented in CNV regions (Supplementary Methods and Supplementary Fig. 1.3 ). These findings confirm and extend previous observations that CNVs are preferentially found in genes at the periphery of cellular networks 24 . We also identified 56 potential fusion genes (Supplementary Table 1. 3) and experimentally validated four (AKR7L-AKR7A3, BTNL3-BTNL8, LCE1D-LCE1E and SIGLEC5-SIGLEC14) of five (24) 47 (5) 62 (5) 49 (2) 21 (1) 15 (2) Overlap analysis was performed to identify CNV loci that were completely confined to introns and intergenic regions, as well as those that overlapped gene regions. The latter group was further subdivided in succession into complete CNV-gene overlaps, partial CNV-gene overlaps that included stop codons, and partial CNV-gene overlaps that included the promoter region. The remainder of CNV loci overlapping other (internal) exons was considered as a separate group. Counts are given for the total number of CNV loci (that is, among all samples) as well as for the number of CNVs detected per sample on average (avg/sample tested. Interestingly, 55% of the gene fusions arise between paralogous gene family members, which may be less likely to generate truly novel gene functions.
Mechanisms of CNV formation
The precision of CNV breakpoint mapping determines how reliably mutation mechanisms might be inferred. We determined the precision of our breakpoint estimates by identifying 350 CNVs in two samples (194 breakpoints in NA15510 and 156 in NA12878) for which breakpoint sequences have been published 18, 19, 25 . Comparing our breakpoint estimates to these sequences revealed excellent precision (median estimation error ,60 bp), representing an improvement of more than an order of magnitude over previous population-based CNV surveys 8 , with similarly accurate estimation for both samples (NA15510: 1 bp-17.1 kb, median 54 bp; NA12878: 0 bp-5.5 kb, median 62 bp). These findings were supported by high-concordance of breakpoint estimation between replicate experiments (Supplementary Methods).
CNV formation mediated by recombination between interspersed duplicated sequences by non-allelic homologous recombination (NAHR), or corresponding to tandem arrays of variable numbers of tandem repeats (VNTR), can readily be identified at the resolution afforded in our experiments by analyses of local sequence homology (Supplementary Methods). Although germline mutation processes at VNTR, like NAHR, are primarily driven by meiotic recombination, detailed mutation analyses have shown a major role for complex intra-and inter-allelic exchanges at VNTR that are not a major source of CNV at interspersed duplicated sequences 26 . Sequence analysis of CNV breakpoints is required to estimate the contribution to CNV formation of other mechanisms including non-homologous end joining and microhomology-mediated break-induced repair.
We found the relative contribution of NAHR and VNTRmediated CNV formation to be largely dependent on CNV size. NAHR was estimated to be 7 times more likely than VNTR to be the underlying mechanism for CNVs in the largest size decile, whereas VNTR were 3.5 times more frequent in the bottom decile. Overall, NAHR and VNTR contribute similarly (13.5% and 11.2% of validated CNVs, respectively; Supplementary Fig. 1.4) . Owing to the challenges of designing validation and genotyping assays for VNTR, these loci are probably underrepresented in our genotyping data (5.6% of genotyped CNVs), although we have PCR-validated 11 out of 12 randomly selected VNTR to demonstrate that this class of loci is genuinely polymorphic (Supplementary Table 1 .4 and Supplementary Fig. 1.5 ).
Short sequence motifs thought to form non-B-DNA structures may predispose to chromosomal rearrangements 27 . We tested the hypothesis that primary DNA sequence can predict CNV formation by screening CNV breakpoints for enrichment of 13 published motifs and genomic annotations (Fig. 3a and Supplementary Methods) . Two motifs forming non-B-DNA structures were strongly overrepresented at CNV breakpoints (G-quadruplexes P , 10 23 , slipped DNA P , 10 23 ), as were CpGs and a 13-bp motif predictive of recombination hotspots and genome instability in humans 28 . In the latter case the association seems to be due solely to VNTR containing the hotspot motif (Fig. 3c) . Our results indicate that the previous observations of recombination hotspots flanking a few well-characterized highly polymorphic VNTR 29 , probably reflects a genome-wide association between hotspots and a large subset of VNTR. The known enrichment of G-quadruplexes and CpGs in gene promoters 30 
As a complementary approach to testing previously described sequence motifs, we collated a large set of sequences likely to contain CNV breakpoints and used machine learning 31 to discover new mutagenic motifs (Supplementary Methods and Supplementary  Fig. 1.8 ). The motifs that we obtained, although significant, showed a modest enrichment for CNVs ranging from 1.2-to 1.5-fold. The most readily interpretable finding among these is a 14 bp CNV motif that is present in most Alu and SVA elements and has previously been shown to be associated with CNV breakpoints in Alu-Alu recombination events 32 ( Fig. 3b) . This motif represents a binding site in the Alu secondary structure for the signal recognition particle ribonucleoprotein and is highly conserved across Alu elements.
The central role of sequence homology in the fidelity of DNA repair and replication indicates that regions of the genome with higher diversity may be more prone to replication and repair errors. Notably, we found evidence of an enrichment of small indels from the SNP database (dbSNP) (1.7-fold, P , 10
23
) and microsatellites (1.24-fold, P , 10
) near CNV breakpoints (Fig. 3a) . This observation suggests that simple variation may precipitate more mutations, Thirty DNA sequence motifs thought to be associated with genome instability were compared to estimated CNV breakpoints. a, The proportion of CNV breakpoint regions containing each motif was plotted separately for deletions (green circles) and duplications (red circles). Motifs generated through machine-learning in the current study are indicated with green labels, and the remainder are from the literature. Asterisks denote motifs that show significant enrichment in duplication breakpoints compared to deletion breakpoints; '1' denotes motifs that are significantly overrepresented in the total set of CNV breakpoint sequences compared to matched control sequence. b, Density of Alu signal recognition particle (SRP) binding motif in 50-bp bins within (red) and flanking (white) CNV breakpoints, showing significant enrichment of the motif at CNV breakpoints; bootstrap 95% confidence intervals are indicated by blue bars. c, The density of the 13-bp motif predictive of recombination hotspots seems to be increased directly adjacent to VNTR CNVs but not around non-VNTR CNVs.
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ARTICLES both substitutional and structural, as suggested by recent comparative genomic analyses 33 . We assessed the statistical significance of differences in the breakpoint signatures of deletions and duplications (Supplementary Methods). We found that duplications are more likely to be formed by NAHR, VNTR and retrotransposition, and are more enriched for breakpoint-associated sequence motifs than deletions (Fig. 3a) . These findings indicate that the formation of duplications is more likely to be sequence-dependent than deletions.
Next, we extended our investigation of mutation mechanisms to identify probable dispersed duplications among the CNVs. The array data themselves do not identify chromosomal location, but polymorphic dispersed duplications can be identified by considering other sources of information. We took five complementary approaches to identify dispersed duplications among our CNVs:
(1) precise mapping to inter-chromosomal segmental duplications; (2) evidence for inter-chromosomal mappings from sequence data 34 ; (3) inter-chromosomal linkage disequilibrium; (4) poly-A and target site duplication signatures of retrotransposition; and (5) in silico splicing of CNV discovery data in known transcripts to identify retroposed genes (Supplementary Methods and Supplementary Fig. 1.9) . By integrating these different sources of data we identified 75 probable dispersed duplications (Fig. 4 Supplementary Fig. 1.10 ). These dispersed duplications appear randomly distributed among chromosomes. Some of the dispersed duplications can be confidently ascribed to retrotransposition using the signatures described earlier, but other mechanisms may also generate dispersed duplications. Interestingly, a subset of these retrotransposition events does not comprise retroposed repeat elements or known RNA transcripts, some but not all of which seem likely to result from L1 transduction 35 .
Population genetics of CNV
Although rates of CNV mutation have been well characterized at a small number of loci using experimental techniques, a reliable estimate of the genome-wide mutation rate has yet to be obtained. With a set of CNVs ascertained in a consistent manner we used the Watterson estimator of the population-scaled mutation rate, h W , to estimate the average per-generation rate of CNV formation, m. The ascertainment-corrected number of segregating sites (.500 bp) leads to an estimate of m 5 3 3 10 22 mutations per haploid genome, per generation; however at the base-pair level, heterogeneity in this rate is expected to vary by several orders of magnitude among sites (Supplementary Methods). This estimate does not account for purifying selection, and so it probably represents a lower bound on the true rate.
A key parameter for linkage-disequilibrium-based studies of human variation is the proportion of CNVs that can be tagged well by nearby SNPs. Such 'taggability' depends on CNV allele frequency and local SNP density, but not on CNV size (Supplementary Methods). Overall, the taggability of biallelic CNVs genotyped with high confidence seems to be largely similar to that of frequencymatched SNPs, except that rare CNVs are more poorly tagged; in CEU, 77% of CNVs .5% MAF are captured with r 2 5 0.8, whereas only 23% of CNVs ,5% MAF are similarly tagged. These results are similar to others in a smaller data set 8 . Interestingly, deletions are much better tagged by nearby SNPs than by duplications (average difference in maximum r 2 is 0.25; P , 10 216 ), while controlling for allele frequency and local SNP density; this may be a result of the chromosomal dispersion of some duplications and an increased frequency of reversions and repeat mutations at some duplications 36 . To estimate the strength of purifying selection acting on CNVs in different functional categories, we fitted a population genetic model of demography and selection 37 to the site frequency spectrum of deletions and duplications in the CEU population, corrected for incomplete ascertainment (Supplementary Methods). We observed the strongest purifying selection acting on exonic CNVs, then intronic CNVs then intergenic CNVs (Fig. 5a ). Stronger purifying selection at intronic CNVs than intergenic CNVs has also been observed in Drosophila 38 and intronic deletions can be pathogenic if they interfere with proper splicing 39 . Differences in the ascertainment and in the precision of estimates of key population genetic parameters between CNV and published base substitution data sets render direct comparison of average fitness coefficients between CNVs and substitutions potentially misleading.
One signal of recent positive selection is an unusually long haplotype around the selected marker, but it is difficult to fine-map the selected variant within such long haplotypes on the basis of population genetic data alone. Large CNVs, by virtue of their potential functional impact, may make a useful first screen for deconstructing such signals. Accordingly, we have surveyed our CNVs for signs of recent positive selection using population differentiation 9 and two previously described approaches 40, 41 relying on haplotype structure (integrated haplotype score: iHS, and cross-population extended haplotype homozygosity: XP-EHH). Several of the CNVs exhibited iHS in the top 1% of the genomic distribution: 7 in CEU, 1 in CHB1JPT, 18 in YRI, all of which seem to represent populationspecific signals. The most impressive signal is around CNVR8151.1 in YRI: a standardized iHS of 3.39, in the top 700 out of 2.26 million markers (top 0.03% of the genome). This deletion lies between the APOL2 and APOL4 genes involved in pathogen immunity and previously reported to have been under positive selection in primates 42 . The top XP-EHH signal is CNVR3685.1, a deletion at .80% frequency in CEU and CHB1JPT but almost absent from YRI, 500 bp 39 to another immune-related gene, IKBKB (Fig. 5b) .
Recent positive selection can also drive increased population differentiation. The V ST statistic 9 for population differentiation (Fig. 4) is distinct from haplotype-based measures of recent positive selection as it allows assessment of all loci, not just those with biallelic genotype calls (for example, unclusterable events and multiallelic CNVs). The CNV with the highest value of V ST between CEU and YRI is an intronic deletion of the PDLIM3 gene, which encodes an abundant protein in skeletal and cardiac muscle. We noted that also among the top five most highly differentiated loci was an intronic VNTR of the gene encoding ACTN2, the sarcomeric protein binding-partner of PDLIM3. Four other pathways with two genes under recent selection have been identified in SNP-based selection scans 40, 43 (EDAR and EDA2R, SLC24A5 and SLC45A2, NRG and ERBB4, and LARGE and DMD). The possibility that these two highly differentiated CNVs in genes encoding interacting proteins contribute to population 44 or individual differences in cardiac or skeletal muscle phenotypes warrants further investigation. Mutations in ACTN3, the close paralogue of ACTN2, alter muscle function in humans and mice 45 , and a recent study has highlighted an enrichment of genes involved in muscle development among signals of recent positive selection 46 . We tested for biases of certain mutation processes or functional locations for CNVs with high V ST values. We noted that VNTR are significantly enriched in both tails of the V ST distribution (Supplementary Fig. 1.11 ), whereas CNVs formed by NAHR seem to be uniformly distributed across the spectrum of V ST . The enrichment of VNTR in the low end of the V ST distribution is expected given the recurrent mutation at these loci, but the enrichment at the highest decile of population differentiation suggests that among all CNVs, VNTR may be enriched for functional impact. The most differentiated CNV between CEU and YRI previously identified 9 encompasses the CCL3L1 gene, and remains the most differentiated exonic CNV here. However, we identified 21 more highly differentiated loci, all of which are intronic or intergenic, suggesting a role in gene regulation might underpin any recent positive selection.
Complex trait genetics of CNV
We explored whether the CNVs from this study might be plausible candidates for causal variants for known complex trait associations from genome-wide association studies (GWAS). We examined 1,554 trait-associated SNPs from 279 publications (NHGRI GWAS website 47 , downloaded on 15 June 2009), In the CEU, 474 out of 1,521 polymorphic trait-associated SNPs fell within a recombination hotspot interval that also contained a CNV. We then examined whether the CNVs in these intervals were in strong linkage disequilibrium with the trait-associated SNP in the different HapMap populations. For genotyped biallelic CNVs we assessed linkage disequilibrium using correlation (r 2 ) within phased haplotypes, but to include multiallelic and ungenotyped CNVs in this analysis we also considered the squared Pearson correlation coefficient between the SNP genotypes and the copy number intensity data. We identified 34 trait-associated SNP to CNV correlations with an r 2 of greater than 0.5, at 30 loci across 22 traits (Fig. 5c , Table 2 and Supplementary Fig. 1.12) , five of which were found in the HLA. These CNVs include three previously identified CNV-trait associations [13] [14] [15] , which represent all the positive controls for this analysis, thus the remainder represent plausible candidates for the causal variants. Further fine-mapping experiments in large sample sets are required to assess which variants on these associated haplotypes are indeed causal.
What, if anything, does the low (,5%) proportion of trait-associated SNPs that might plausibly be tagging a causal CNV tell us about the contribution of common (MAF .5%) CNVs to complex disease susceptibility? The fact that most (77%) of our common genotyped CNVs are well-tagged by SNPs suggests that existing GWAS studies have already indirectly screened for the potential effect of these variants relatively effectively. By modelling the ascertainment of genotyped CNVs in this study (Supplementary Methods), we estimate that we have genotyped ,25-35% of all common CNVs greater than 1 kb in size. Thus, unless ungenotyped and poorly tagged common CNVs have a much higher effect on disease risk than the well-tagged common CNVs we were able to genotype, extrapolating from our incomplete ascertainment of CNV could only explain a small minority of the disease risk already accounted for existing GWAS studies, let alone the larger (for most diseases) bulk of 'missing' heritability that remains unaccounted for by GWASs. Further large-scale association studies that directly assay all classes of CNV are required to precisely estimate the contribution of common CNVs to the heritability of complex traits.
Conclusions and discussion
We have discovered an unprecedented number of CNVs and assembled a reference set of genotypes from new genotyping platforms developed from this information. These new resources will facilitate association studies of CNVs in human disease, including using imputation of CNV genotypes into the hundreds of thousands of genomes that have already been densely genotyped.
Despite being the most comprehensive population-based CNV map so far, still to be well-characterized are CNVs ,500 bp, insertions of new sequences relative to the reference sequence, subtle changes in the total number of copies of high-copy number dispersed repeats such as Alu elements and LINEs, and CNVs on the Y chromosome and heterochromatic regions. Notwithstanding, we estimate that in this study we have discovered about 80-90% of common CNVs (MAF . 5%) greater than 1 kb in length, and have been able to genotype approximately 40% of these (Supplementary Methods). The remaining CNVs will probably be best captured by genome sequencing experiments.
The CNVs most difficult to genotype directly were duplications and multiallelic loci (including VNTR). They are also the categories of CNVs least likely to be tagged well by SNPs, and therefore most likely to be overlooked by linkage-disequilibrium-based association testing. The observation that VNTR are enriched among loci exhibiting high population differentiation provides evidence for the functional importance of this CNV class, which highlights the need for development of genome-wide assays for incorporating this often recalcitrant class of variants into human genetic studies.
We found that the mutational mechanisms generating CNVs vary depending on the different size of the genomic alteration. NAHR has more of a role in larger CNV formation, whereas VNTR and dispersed duplications (whose role in CNV formation was previously underappreciated) are more commonly observed with smaller CNVs. Although some sequence motifs (for example, some non-B-DNA structures) were more mutagenic than others, the sequence context was not strongly predictive of the location of CNVs, unlike the link between segmental duplications and larger CNVs mediated by NAHR.
We observed that non-B-DNA forming sequences that are enriched in promoter regions are also enriched in CNV breakpoints, suggesting that the same properties that enable regulation of transcription may also be mildly mutagenic for the formation of CNVs, and as a consequence, CNVs may influence the evolution of gene regulation. We also discovered that there are substantive differences in both the mutation mechanisms and the selection pressures of deletions and duplications.
Despite the fact that we identified several new CNVs that are potential causal variants on trait-associated haplotypes, collectively these CNVs could explain less than 5% of previously reported GWAS hits. Nonetheless, these observations emphasize the need to consider all classes of variation (SNPs and all structural variants, common and rare) when fine-mapping causal variants within association intervals. Sequence insertions relative to the reference sequence represent a particular challenge for both fine-mapping and association studies, because their presence on an associated haplotype might be easily overlooked.
Our results provide some guidance as to how resources might best be targeted to identify genetic variation underlying the 'missing' heritability for complex traits that remains unexplained by recent GWAS. Although common CNVs seem highly unlikely to account for much of this missing heritability, the striking strength of purifying selection acting on exonic and intronic deletions suggests that CNVs might contribute appreciably to rare variants involved in common and rare diseases, and that study designs that focus on ascertaining rare sequence and structural variants will maximise power to detect new causal variation.
METHODS SUMMARY
Samples. HapMap and Polymorphism Discovery Resource DNA samples were obtained from the Coriell Cell Repository. The reference DNA in genotyping experiments on the Agilent 105K array was a pool of 10 genomic cell-line DNAs from the European Collection of Cell Cultures. CNV discovery experiments. Probes on the 20 array set were designed with a relaxed threshold for multiple matches to the reference genome to maximise coverage and allow screening of moderately repetitive sequences. The array data were generated at NimbleGen's Icelandic service facility. Experiments were repeated and quality-control filters were applied to improve the data consistency. Data were normalized to minimize variation between experiments; putative List of CNV correlations with trait-associated SNPs with r 2 . 0.5 (see main text for details). When a locus-trait association has been reported several times, only the results for the most recently published trait-associated SNPs are shown in this table. Some trait-associated SNPs are strongly correlated with more than one CNV in the same recombination hotspot interval. NR, no gene reported in original study; PMID, PubMed accession of the paper reporting the trait-associated SNP. * Location of the CNV. { Squared correlation coefficient. { Population in which correlation observed; some SNP-CNV correlations are observed in several populations. 1 CNV data that correlates with the hit-SNP. Phased, phased SNP1CNV haplotypes; intensities, CNV intensity data and SNP genotypes. If present in phased and intensity data only phased data reported.
